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Abstract 
The aim of this paper is to explain the relationship between news sentiment and oil price movements 
for West Texas Intermediate (WTI) futures, through a sentiment analysis with news samples of 
Marketwatch between 2010 and 2015. My research mainly contributes to the finding that quantifying 
such qualitative information through oil-related news is a key in understanding fluctuations in oil prices. 
For one unit of increase in news sentiment, WTI returns increase by about 0.0020. In addition, the paper 
observes that the news sentiment is negatively related to the volatility of the oil returns. The paper also 
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1. Introduction  
Investors are flooded with a sea of information from news articles day by day. The aim of this 
paper is to explain the relationship between news sentiment and oil price movements for West Texas 
Intermediate (WTI) futures, through a sentiment analysis with news samples of Marketwatch between 
2010 and 2015. Barber and Odean (2008) point that main news influences investors in forming 
investment portfolios, and observe that trading volumes sharply increase in response. Also, main news 
can help investors benefit from positive profits or have them incurred losses, depending on the nature 
of news contents. Thus, news is one of the most important media for investment decision making. My 
research contributes to the finding that quantifying such qualitative information through oil-related 
news is a key in understanding fluctuations in oil prices.                
I select Marketwatch.com as a basis for the sentiment analysis. The first reason why Marketwatch 
is selected is that the website is the source which best reflects crude oil markets of the United States, 
particularly, for West Texas Intermediate (WTI). Especially, the individual sample that contains at least 
one keyword ‘crude oil’ and ‘oil’ is 28.6% and 79.9% of the total news sample, respectively. Thus, 
Marketwatch provides news that reflects the oil market well and has little noise. The second reason for 
the selection is that I am able to collect sufficient amounts of daily news articles on Marketwatch as 
more than 10 online news articles are released per day, as compared to other news sources like 
Bloomberg and Thomson Reuters.     
It is important to adopt the right word dictionary to match it to oil-related news for implementing 
sentiment analysis. One of the most well-known tools in analyzing news sentiment is Harvard 
Dictionary (Harvard-IV-4-TagNeg) developed by a psychologist of Harvard University. However, 
Loughran and McDonald (2011) criticize the flaws of using Harvard Dictionary and create their own 
dictionary that better fits the financial environment and it is called, Financial Dictionary. These 
researchers define six different categories of the word sentiment, which are negative, positive, 
uncertainty, litigious, strong and weak. In my research paper, I aim to deal with the positive and negative 
categories only. Also, the Financial Dictionary contain 353 positive words and 2337 negative words and 
the choice of this word list is accounted for not only a single morpheme but also grammatical variations. 
1 This dictionary is seen to be a standard as many researchers including Garcia (2013) who also uses 
Loughran and McDonald (2011)’s Financial Dictionary to analyze a massive level of 100-year financial 
news of the New York Times. 
In this paper, I make this Financial Dictionary (Loughran and McDonald, 2011) a proxy for the 
sentiment analysis for crude oil markets. The first reason is that their dictionary regards words such as 
tax and cost as neutral words which have no sentiment. Second, in this dictionary, some words that 
                                           
1 For example, decline, and its past sentence, declined, are considered  
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indicate specific industry like crude that are frequently quoted in oil market news are also taken account 
for so that crude does not imply a negative meaning. Third, I manually count positive words originated 
from oil-related news articles that are matched with the Financial Dictionary, and these words include 
efficiencies, improvement, encouraging and gained. In contrast, negative words of the same news 
articles that are matched with the dictionary include declines, slowdown, worries, stress, dropped and 
volatile. These words as shown are frequently used in oil markets as well as financial documents.  
In addition, word classification is essential in the analysis of sentiment. After reading the approach 
taken by Tetlock et al. (2008) and Chowdhury et al. (2014), I follow their dictionary approach for 
sentiment scoring in this paper, which is a simpler and more efficient way than other methodologies. In 
order to calculate a daily sentiment ratio of Marketwatch news, I sum up the number of positive words 
and the number of negative words, and then the sum is divided by total word frequencies. As a result, 
the average value of the sentiment is negative. One explanation is, in the sentiment analysis, the news 
words are matched with Financial Dictionary (Loughran and McDonald, 2011), which originally 
contains more negative words than positive words. However, the negative sign of the sentiment ratio 
itself does not imply that much in this research because the sentiment is measured in logarithm of returns 
for regression.    
In addition, in this paper, I aim to test if changes in oil prices are greater when sentiment is negative. 
The paper finds that there are greater variations when including a dummy variable for negative 
sentiment in regression. One probable inference can be drawn by linking news media with investor’s 
reactions to the market. Engelberg and Parsons (2011) find the existence of a relation between news 
announcements and market reactions, by suggesting that media coverage stimulate investors to trade. 
Also, Barber and Odean (2008) insist that news is one of the sources that catch attentions from investors. 
In fact, given that around 15 million subscribers who are real traders access news per month from the 
Marketwatch website, the inference can be plausible. Among such 15 million users of Marketwatch, 
some of them may behave as a risk averse investors. It is assumed that greater changes in oil prices with 
negative news are attributed to stronger reactions from these risk-averse investors to avoid risks 
embedded with the given negative information. Many literatures give explanations about this 
phenomenon, for example, Akhtar et al. (2011) analyze the negative bias and point that the market is 
more responsive during the announcement of bad sentiment news than that of good news. Bollerslev et 
al. (2009) argue that risk aversion measured as variance risk premium is shown to be greater particularly 
during recession periods. To sum up, negative news is more probable to be released during bad times in 
the oil market, investors’ risk aversion starts to increase, and the investors are motivated to reduce 





The paper also studies the impact of news sentiment on the volatility of oil returns. I use VIX 
(Volatility Index) and OVX (Oil-Based Volatility Index) as proxies for implied volatilities to analyze 
the relation. These are widely used as the implied volatility of crude oil. I aim to test if there is a relation 
between news sentiment and the oil return volatility.    
The structure of this paper is as follows. Section 2 includes literature reviews that are relevant to 
the research. Section 3 shows the method of data selection and includes the descriptions of each 
variable considered. Section 4 shows empirical results by testing if news sentiment has a relationship 
with oil price movements, and includes testing between news sentiment and the volatility of oil 
returns. Section 5 discusses issues that can be raised from this paper. Section 6 concludes.        
 
2. Literature Reviews 
While investors gain a load of daily information through public media, many researchers of capital 
markets have studied how to handle such massive information efficiently to make a framework in 
predicting changes in stock returns. Consequently, several techniques like a Machine Learning have 
been developed. Especially, the machine learning uses a heavy load of qualitative information to create 
mathematical and logical models to forecast data, having followed by computer algorithms. For 
example, in Finance, Loughran and Mcdonald (2011) use a textual analysis for quantifying words from 
corporate annual reports in order to predict stock returns. Also, Chowdhury et al. (2014) attempt to 
predict future stock price trends by analyzing the sentiment of news RSS (Rich Site Summary) feeds, 
and understand the efficiency of stock markets by observing how the stock price varies on a daily basis 
with the available news. Not only news is used, other online media sources such as Social Network 
System like Twitter have been also analyzed by Saif, He and Alani (2012)’s work. Likewise, there exist 
many research progresses of using massive information to analyze the securities market. Meanwhile, 
such attempts are not yet actively challenged in oil markets although these oil markets are also active 
and liquid. 
For sentiment analysis, some researchers prefer a statistical approach rather than a dictionary 
approach. 2  For example, Li (2010) use a Naïve Bayesian method as part of machine learning for the 
sentiment classification of corporate reports such as SEC (Securities and Exchange Commission) 10-K 
form. However, the reason why I do not follow this approach is that it is difficult to construct a training 
data. 3 Having referred to Li (2010), the training data is created by 15 research assistants.  
A skeptical issue can be raised about my research in that there is a probability of other unidentified 
factors that can affect the correlation between news sentiment and oil prices. In fact, not many sentiment 
researches have been proceeded in relation to oil markets to find endogenous factors. In the real world, 
                                           
2 I follow a dictionary approach in this research 
3 Naïve Bayesian classification needs prior or ‘learned’ information in a training set  
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crude oil is one of the commodities that its price is vulnerable to some political controls of global oil 
producers and regulators like OPEC (Organization of the Petroleum Exporting Countries). Especially, 
the onset of the First Oil Shock at the beginning of 1970s, which was sparked by the oil embargo by a 
group of Middle East countries, significantly raised the global oil price. In addition, Bentzen (2007) 
shows that the OPEC oil price showed co-movements with West Texas Intermediate from 1988 through 
2004. However, in this paper, for avoiding complexity, I exclude such political factors.       
 
3. Data Sampling and Variable Definitions  
3.1. Sentiment as an Independent Variable  
I input oil-related keywords from Marketwatch website and retrieve these online news articles that 
span from the year 2010 and the year 2015. The way of collecting these oil-related news is by inputting 
a ‘crude oil’ keyword in the search engine, and 15434 news samples are collected in the total. At the 
time of parsing news, a small number of the samples 4 are blogs rather than articles so I exclude them. 
In addition, some of the news articles have multiple pages within a single news link, and therefore I add 
the content of every page in this case. Second, I omit duplicates and misclassified data, and also a group 
of news that have no news content. The news bodies are sorted by each news release date in daily 
frequency. If 10 different news are released on 1st January 2010, I aggregate all the contents of these 10 
news. The contents of the news bodies are split into word units. Each of these words collected from the 
news is matched with Financial Dictionary (Loughran and McDonald, 2011), and classified by either 
positive sentiment or negative sentiment. In order to calculate a daily sentiment ratio of Marketwatch 
news, I sum up the number of positive words and the number of negative words, and then the sum is 
divided by total word frequencies. This is a method that I follow from previous researches (Tetlock et 
al. (2008), Chowdhury et al. (2014)). Below is the computation of a daily sentiment ratio.  
 
No. of	 positive	 words + No. of	 negative	 words
No. of	 total	 words  
 
At the end, all the sentiment ratios are matched to opening dates of the West Texas Intermediate 
futures market excluding weekends and national holidays of the United States, and the number of daily 




                                           
4 Less than 1% of the total sample 
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3.2. WTI Returns as a Dependent Variable  
I retrieve information of NYMEX crude oil (WTI) futures price from a website of the U.S. Energy 
Information Administration (EIA) from Year 2010 to Year 2015.  
 
3.3. Oil Return Volatility as a Dependent Variable  
    It is questionable if the sentiment of news articles also has an impact on volatility in the oil 
futures return as well as the oil return itself. I retrieve from six-years VIX (Volatility Index) of 
S&P500 that spans from 2010 to 2015, which equals the weighted average of implied volatilities of 
first and second month options traded on Chicago Board of Trade (CBOT). Not only this VIX is used 
for measuring the volatility of stock indexes, but also variously used by researchers in measuring the 
volatility of crude oil returns. For example, Deeney et al. (2015) use Volatility Index that is the 
implied volatility of S&P500 index options for the analysis of crude oil volatilities.  
I also include OVX (Oil-Based Implied Volatility Index) as a robustness check. This is the 
implied volatility of crude oil Exchange Traded Funds (ETF) measured in the almost similar way that 
VIX is calculated. Luckily, data for OVX has become publicly available on Yahoo Finance since 2007 
so I can apply this to my research.     
 
3.4. Control Variables  
Firstly, in regression, I add a variable, Calendar Spread, which is measured in a dollar. The 
calendar spread in the regression is manually calculated by taking the price of a distant (deferred) futures 
contract minus the price of a nearby futures contract. 5 I use the nearby futures in which its expiration 
is 2-months behind from an observed date, and use the distant futures with expiration that is 14-months 
behind from the same observed date. 6 For the calendar spread measured on the 5th January 2010, for 
example, I compute it by taking the price of distant futures that expires on March of 2011 minus the 
price of nearby futures that expires on March of 2010. I add this spread in a regression because the 
dependent variable is long-term crude oil futures prices. I aim to test if the spread is sensitive to the 
status of the futures market, which is either contango or backwardation. 7 If the oil market is in 
contango, the cost of carry and insurance are reflected into pricing over time, therefore, at a point of 
time in the future, the price of futures with longer expiration becomes higher than the price of futures 
with shorter expiration. I assume that contango gives a downward pressure on the oil futures price while 
                                           
5 http://futuresspreads.eu.com/sitebuildercontent/sitebuilderfiles/crude_oil.pdf 
 6 So that the time gap between the nearby futures expiration and distant futures expiration is one-year. 




backwardation gives a positive support on the price. This is because either contango or backwardation 
converges the futures price to the spot price just before the futures expiration date.    
A second variable, Crack Spread is included in the equation and calculated based on the ratio,  
3 WTI : 2 Gasoline : 1 Heating Oil, and the units are measured in dollars. The crack spread is the 
difference between crude oil prices and refined products prices. 8 I add this variable into regression 
analysis to observe if the difference between crude oil prices and petrochemicals prices will be a 
determinant for crude oil price movements. In another way, this variable can be used as a proxy for the 
level of risk hedging behaviors by investors, especially in a supply side.  
Third, Interest Rate is also considered in terms of the one-month U.S Treasury Bill. The data is 
retrieved from the United States Treasury website, and measured in percentage. This variable is added 
in the regression to analyze if variations in global interest rates will lead to changes in oil prices.    
Fourth, I include a control variable that is Dollar Index, denoted as Dollar. This is because crude 
oil is one of the commodity products that are exported and imported, and is sensitive to changes in 
foreign exchanges. In the regression, I use dollar indexes that are retrieved from Federal Reserve 
Economic Data. Dollar indexes are preferred to a single currency rate such as dollars to euros and dollars 
to yens, because the indexes use weighted averages of the U.S. dollars to other foreign currencies that 
are measured at every point of time showing that these dollar indexes are reflected by contemporaneous 
changes in many different foreign currencies over the world. A report from the Federal Reserve 
Economic describes that the index well shows changes in international trading patterns between the 
United States and other countries. Many literatures readings back up the point that appreciation and 
depreciation of dollars affects the oil price. For instance, Sadorsky (2001) argues that the profitability 
in Canadian oil-related industry declines as dollars get strengthened over Canadian dollars. This is 
because the weakened Canadian dollars hugely cost the oil companies in Canada that import crude oil 
from the United States. Deeney et al. (2015) find that currency rates are a statistically significant factor 
on changes in the price of West Texas Intermediate. They also observe that USD/EUR is negatively 
correlated with the oil price movement, while is positively correlated with USD/JPY. In addition, many 
literatures from 1990s to recent years, including Roberedo et al. (2014), show similar results that oil 
price and US dollars are negatively dependent on each other. The findings are related to the assumption 
that stronger dollars against euro currency may deprive European demands for WTI and thus the price 
drops while the purchasing power of oil produced from the North Sea increases. Another reason why 
the appreciation of dollars against euros has a negative relationship with oil prices may be because 
different crude oils such as WTI and Brent crude are close to perfect substitutes so it is interpreted that 
customers change to Brent crude as dollars become more expensive (Bentzen, 2007). 
                                           
8 I use data of WTI futures, gasoline futures and heating oil futures  
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Fifth, stock indexes that are S&P500 ($), EuroStoxx50 (€) and Nikkei225 (¥), the main stock index 
of the United States, Europe and Japan respectively, are added in the regression. I decide to input these 
variables into the equation to test if there exists a linear relation between stock indexes and oil prices. 
The stock index appears controversial in academia because some researchers agree on stock price 
movements that affects oil prices but others insist that the link between stocks and oil is weak. For 
example, Deeney et al. (2015) find that S&P500 as a control variable is not statistically significant on 
the changes in the WTI price. Fan and Xu (2011) also deduce that stock index prices have no significant 
impacts on crude oil prices followed by analyzing the S&P500 movements from the year 2004 to the 
year 2009. In contrast, Jones and Kaul (1996) find some correlations between stock indexes and oil 
prices.    
 
3.5. Summary Statistics 
Table 1 shows summary statistics for West Texas Intermediate (WTI) futures returns as a dependent 
variable and the daily sentiment ratio derived from news articles Marketwatch that span from January 
2010 to December 2015. This table describes the summary statistics for all independent variables, 
dependent variables and control variables though, computed in two different ways. One way is 
computing all the variables as log returns, and the other is calculating all the variables as first-
differenced log returns. The table shows that the sample size is 1508. The right side of the table shows 
from which each variable is retrieved.     
The WTI futures return is -0.0005 with 0.0196 in variation when calculated in log return, while it 
is around zero mean when calculated in both log return and first differencing. The table shows two 
different dependent variables, which are WTI returns (Table 2) and oil return implied volatilities (Table 
3). The oil implied volatilities are measured as either Volatility Index (VIX) or Oil-Based Volatility 
Index (OVX). In here, the standard deviation of VIX (0.0747) is generally greater than that of OVX 
(0.0483). The other noticeable thing from the summary statistics is that gasoline and heating oil have 
similar movements to the crude oil.  
 
3.6. Regression Models  
As shown below, Equation (1) is a basic regression models that the dependent variable is the WTI 
futures return and the independent variable is the sentiment ratio with control variables. Before 
regression, I take two steps for the computation of each variable. One is just transforming all the 
variables into log returns, and the other way is transforming all the variables into log returns and then 
taking first differencing. The second method of both measuring log returns and first differencing is 
consistent with the methodology of Deeney et al. (2015), which I apply their work to this paper for 
comparison of my research results.  
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All the variables in the regression is aggregated into a time-series data frame and the time 
frequency is daily by matching to opening dates of the West Texas Intermediate futures market 
excluding weekends and national holidays of the United States.          
 
(1)               
WTI = α + βSentiment + βCalendar + βCrack + βInterest + βDollar + βS&P500 +
βStoxx50 + βNikkei225 + ε      
 
I also create a second regression model, Equation (2), by including Gasoline and Heating Oil. I want 
to test if the coefficient of the sentiment variable is still significant after adding these two additional 
control variables, and Equation (2) captures more white noises. Consequently, the adjusted	 R 
slightly increases, as shown below. 
             
(2)                            
WTI = α + βSentiment + βCalendar + βCrack + βInterest + βDollar + βS&P500 +
βStoxx50 + βNikkei225 + βGasoline + βHeating + ε      
 
 
As mentioned earlier, I aim to test, whether oil prices react more strongly when sentiment is 
negative. This phenomenon may be due to more reactions from investors when news conveys negative 
information. As Akhtar et al. (2011) and Garcia (2013) critically point, I assume that investors will be 
more risk-averse and to minimize uncertainty by more strongly responding to the market after given 
negative news. Before regression, I classify the daily sentiment into two groups, which are positive 
sentiment group and negative sentiment group. The way that I define the positive sentiment and negative 
sentiment is absolute comparison to the mean value (-0.413) of the total sentiment. The positive 
sentiment group is classified when the sentiment ratio is greater than the mean, and the negative 
sentiment is classified when the ratio is less than the mean. I create an additional regression model 
having a new dummy variable (NegDummy) and interaction term (NegDummy * Sentiment). I make 
several regression tests by transforming all the variables into log returns and transforming all the 
variables in both log returns plus taking first differencing. Below is Equation (3) to test if the negative 
sentiment dummy is significant.   
  
(3) 




The below shows two regression models that are Equation (4) and Equation (5). Equation (4) is 
the one that the dependent variable is oil price implied volatility measured in Volatility Index (VIX) that 
is equivalent to the implied volatility of S&P 500 index options. I additionally test the relation between 
the news sentiment and the volatility underlying that OVX (Oil-Based Implied Volatility Index) is used 
for a robustness test. I make several regression tests after transforming all the variables into log returns 
and transforming all the variables into log returns and then taking first differencing.  
 
(4)           
VIX = α + βSentiment + Controls + ε 
 
(5)                
OVX = α + βSentiment + Controls + ε 
 
4. Empirical Results 
4.1. News Sentiment and WTI Returns  
The independent variable is the daily sentiment ratio of Marketwatch news using a ‘crude oil’ 
keyword. The ratio is computed as the number of positive words minus the number of negative words 
from a group of daily news, which is then divided by the total number of total words of the news contents 
in the same day.  
Table 2 describes two main different calculation of the variables. One way is that all the variables 
are log returns (the columns denoted as WTI Return on Table 2), and second way is that all the variables 
are log returns and then first differenced (the columns denoted as ∆WTI Return on Table 2).  
From Column (1) to Column (4), those are the results after regressing WTI on news sentiment 
given that other variables are controlled. The results show that the sentiment has a positive relationship 
with the crude oil prices and its coefficient is shown to be significant for the various regression models. 
For example, each coefficient of the sentiment variable in Column (1) and Column (2) is similar held 
that the other variables are controlled. When adding gasoline and heating oil as controls in the regression 
(See Column (3) and Column (4)), it is noted that R increases while the significance of the regressor 
coefficient, Sentiment, is slightly reduced in value. 
Not only the sentiment factor, but also the coefficient of some of the other variables is shown to 
be statistically significant in Column (1) to Column (4). For example, the crack spread is negatively 
related to the oil price in regression and its coefficient is significant. For every increase in the crack 
spread between prices of crude oil and prices of refined products, WTI returns decrease by 
approximately 3%. Unfortunately, Calendar Spread, is not a significant factor for the oil price. As far 
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as the result shows, the WTI futures price has no relation with the status of the futures market, which is 
either contango or backwardation.  
Dollar, the Dollar Index, is shown to be significant but strongly negatively related with the oil 
price in the sense that the coefficient is close to -1.05 in value, from Column (1) to Column (4). My 
statistical result for the dollar index resembles the findings of Deeney et al. (2015) that dollars to euros 
is negatively related and significant for oil prices, given the fact that a euro is the major constitution of 
a dollar index.   
 Column (1) and Column (4) of Table 2 show that the returns on S&P500 are positive and strongly 
significant in the regression, and this result is opposed to Deeney et al. (2015) who regard this stock 
index as a non-important determinant for WTI prices. Also, Jones and Kaul (1996), Basher et al. (2012) 
and Hamilton (1983) back up my finding, in which the researchers identify some correlations between 
oil prices and stock indexes. 
In Table 2, I also include a dummy variable, NegSent, to validate my assumption mentioned in 
Introduction that investors react more strongly when news convey negative sentiment than positive 
sentiment, in Column (5) to Column (8). In the same way as done for Column (1) to Column (4), the 
columns denoted as WTI Return show that all the variables are log returns, and the columns denoted as 
∆WTI Return show that all the variables are log returns and first differenced.    
Column (7) and Column (8) illustrate that the coefficient of the sentiment is positive and significant 
when regressing WTI returns on the independent variable. The dummy variables for negative sentiment 
are significant in Column (5), Column (6) and Column (7). The interaction terms (NegSent * Sentiment) 
are resulted to be significant in Column (6) and Column (8) only. To sum up, the statistical results 
partially demonstrate that the oil price changes more when news sentiment is negative.  
              
4.2. News Sentiment and Implied Volatility of WTI Returns       
Table 3 describes the regression of the implied volatility of oil returns having other variables 
controlled. For the measurement of the implied volatility, I use Volatility Index (VIX) and Oil-Based 
Volatility Index (OVX) as proxies. I run a regression for VIX and OVX, separately.  
 Column (1) to Column (3) correspond to the regression of VIX on news sentiment, while 
Column (4) to Column (6) show the regression of OVX on the independent variable. In particular, the 
empirical result shows biased results that the coefficient of the S&P500 is so significant that the 
significance power of the main independent variable (Sentiment) is diluted. This is because VIX is 
originally derived from the implied volatility of S&P500 index options. Therefore, I exclude S&P500 
and also EuroStoxx50 and Nikkei225, and run additional regressions, which correspond to Colum 
11 
 
 In the same way from Table 2, in here, I run a regression with all the variables that are 
computed in log returns (columns denoted as either VIX or OVX) and another regression with all the 
variables that are log returns and first differenced (columns denoted as either ∆VIX or ∆OVX).             
Both Column (2) and Column (3) show that the news sentiment has a negative and significant 
relationship with the implied volatility on oil returns. Column (2) describes, for one unit of increase in 
the sentiment, there exists a decrease in the value of Volatility Index (VIX) by around 0.2. Column (3) 
also shows a similar result but the sentiment coefficient is slightly reduced.   
 Also, even when the dependent variable is replaced by OVX, Column (5) and Column (6) also 
carry similar results in that there is a negative relationship between the news sentiment and the oil 
return volatility. It is noted that, in regressing OVX on the sentiment, in overall, the absolute value of 
the sentiment coefficient is relatively smaller. For instance, the coefficient in Column (2) is -0.0181, 
but the coefficient in Column (5) is -0.0075.   
 
4.3. Lagged Sentiment and WTI Returns      
As far as it concerns, Table 2 is not sufficient to explain a cause-and-effect relationship between 
news sentiment and changes in oil prices because of the existence of contemporaneous effects 
between those two variables. Therefore, I create an additional regression model with lagged sentiment 
variables to test if there is a possibility that sentiment measured in the previous days is significant for 
the current day’s WTI returns. If so, a cause-and-effect relationship between sentiment and oil prices 
can be explained.   
 I allow lags for sentiment from T-1 to T-4 based on the working day of crude oil futures 
markets. For example, if T which is the current day is Monday, T-1 is the last week’s Friday given 
that it is a working day. If the last week’s Friday is a national holiday, T-1 should be the last week’s 
Thursday. Equation (6) is a model for testing if the coefficient of sentiment ratio computed in a day 
between T	 and T-4 is significantly related to WTI returns at T. 
 
(6) 	
WTI = α + βSentiment + Controls + ε  
, where i is between 0 and 4 
 
Panel A of Table 4 describes the beta (β)	 coefficients of Sentiment from T	 to T-4. The table also 
reports a regression of all the variables that are log-transformed (column denoted as WTI Return), and 
a regression of all the variables that are log-transformed and first differenced (column denoted as ∆WTI 
Return). Also, Column (1) and Column (2) correspond to the regression model without gasoline and 
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heating oil, while Column (3) and Column (4) correspond to the regression model after including these 
two controls.  
In Panel A, the results represent that the coefficient of the Sent is significant and positive for the 
oil prices. In both Column (1) and Column (2) of Panel A, the one-day lagged sentiment, Sent, is 
also significant for the dependent variable. However, the significance of Sent is relatively weaker, 
and the sign turns out to be slightly negative.  
Panel B and Panel C describe the degree of correlation between lagged sentiment and WTI 
returns. The result clearly shows that Sent has a relationship with WTI returns, however, Sent 
is also correlated with the returns. Conclusively, this lagged sentiment regression does not well 
explain the presence of a cause-and-effect relationship between sentiment and oil prices.   
 
4.4. Lagged Negative Sentiment and WTI Returns      
In here, in the same way done for Table 4, I create an additional regression model to test if there is a 
possibility that any of the lagged negative sentiment is significant for the current day’s WTI returns. 
As it can be seen from Equation (7) below, the dummy variable for negative sentiment is multiplied 
by lagged sentiment variable (NegSent ∗ 	 Sent), where i is between 0 and 4. I allow lags for 
sentiment from T-1 to T-4 based on the working day of crude oil futures markets. 
 
(7) 
WTI = α + βSentiment + βNegSent + βNegSent ∗ Sentiment + Controls + ε 
, where i is between 0 and 4 
 
Table 5 describes the beta (β) coefficients of the interaction term (NegSent ∗ Sent), where i is 
between 0 and 4. The table implies a regression of all the variables that are log returns (columns denoted 
as WTI Return), and a regression of all the variables that are first-differenced log returns (columns 
denoted as ∆WTI Return). In addition, Column (1) and Column (2) correspond to the regression model 
excluding gasoline and heating oil, Column (3) and Column (4) correspond to the regression model 
including gasoline and heating oil, and Column (5) and Column (6) correspond to the regression model 
including gasoline and heating but excluding S&P500, EuroStoxx50 and Nikkei225.  
On Table 5, it is surprising that Column (1) to Column (6) all show that the one-day lagged 
interaction term (NegSent ∗ Sent)  is significant and negative for WTI returns. A causal 
relationship is more clear than the results on Table 4. It can be said that negative sentiment is a more 
important determinant for understanding the variations in WTI returns. Garcia (2013) finds that the 
predictability of news sentiment is higher when having more negative words than when having positive 
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news. Also, Heston and Sinha (2016) also observe that negative news predicts low stock returns for 
long time up to 3 months while positive news affects stock prices within merely one week.  
 
5. Discussion 
In this paper, one of the main questions that can be tackled may be ‘Is the oil market efficient?’. 
Fama (1970) insists that markets are efficient when prices at any time fully reflect available information. 
Early works by Brown et al. (1988) expand the Fama’s efficient market hypothesis model to the 
Uncertain Information Hypothesis (UIH) and find that the EMH holds even when overreactions to 
negative news exists. My research find that there are more reactions in crude oil prices in the presence 
of negative news. According to their hypothesis, it can be said that the oil market is efficient. However, 
because my research finding is based on not securities markets but oil markets, more tests need to be 
carried to validate the Brown’s efficient market model for oil prices.             
As is shown in Table 2 in this paper, there exists some contemporaneous effects between the 
independent and the dependent, even though there is a linear relationship between the two variables. If 
news sentiment had caused the oil price, only sentiment in the previous days (T-1 to T-4) should have 
been significant for the oil price. Table 4 and Table 5 show that some of Sent under the different 
regression models are significant for WTI returns. However, Sent also has a strong correlation with 
the oil price. Thus, it is difficult to conclude that the news sentiment causes the oil price. This paper 




















This paper finds that there is a linear relationship between the independent and dependent variable. 
My research mainly contributes to the finding that quantifying such qualitative information through oil-
related news is a key in understanding fluctuations in oil prices. For one unit of increase in news 
sentiment, WTI returns increase by about 0.0020. In addition, the paper observes that the news 
sentiment is negatively related to the volatility of the oil returns.  
I find that the WTI returns are more affected when including a dummy variable for negative 
sentiment. This implication is consistent with Akhtar et al. (2011) and Garcia (2013) that investors have 
risk aversion in the face of having negative information so are willing to minimize uncertainty and react 
more to the market, thus stimulating greater changes in the oil price. My research finding can be related 
to risk aversion in the stem of behavioral finance.   
Also, the paper shows that one-day lagged negative sentiment is also significant and negative for 
WTI returns. A causal relationship is more clear than when regressing current sentiment on the oil price. 
Negative sentiment is a more important determinant for understanding the variations in WTI returns.  
Given that R is large when regressing WTI returns on the sentiment, it is interpreted that news 
sentiment can be a useful tool in explaining variations in the oil prices. I show that quantifying 
qualitative information of media is helpful in the understanding of the behavior of oil prices. In fact, 
many sentiment analyses have been proceeded in securities markets, however, the implementations for 
oil markets is yet a ‘beginner’. This paper deals with sentiment analysis of oil-related news with word 
basis only but not phrases or the whole context, which is the limitation of this paper. Also, we should 
create an appropriate vocabulary list that is specific for oil industry. I believe such issues are our 

















Sample of News Article from Marketwatch 
The figure describes one of the samples of news articles of Marketwatch.com, and it was written in 25th May 
2015. The way of collecting these oil-related news is by inputting a ‘crude oil’ keyword in the search engine, 
and 15434 news samples are collected in total. At the time of parsing all these news samples, a small number of 
personal blogs in the sample collection are removed. Duplicates, misclassified data and news that have no news 
content, are all deleted in the sample. The news bodies are sorted by each news publish date in daily frequency 
and the contents of the news bodies are split into word unit. Each of the words from the news is matched with 
Financial Dictionary (Loughran and McDonald (2011)) and then assigned to either positive sentiment or 
negative sentiment. In order to calculate a daily sentiment ratio of Marketwatch news, the number of positive 











Summary Statistics for the 2010 to 2015 Samples of News Sentiment and Other Variables 
The table describes sample statistics for figures of each variable measured from January 2010 through December 2015. The main variable is the daily sentiment ratio of Marketwatch 
news using a ‘crude oil’ keyword, and the ratio is calculated as adding up total sentiment (number of positive words – number of negative words) divided by total word frequencies. 
WTI corresponds to West Texas Intermediate futures prices. VIX (Volatility Index) and OVX (Oil-Based Volatility Index) are proxies for the implied volatilities of oil returns. Dollar 
is the dollar index retrieved from Federal Reserve Economics Database. All the variables are daily observations and measured in two different ways;  1) all the variables are log returns  
2) all the variables are log returns and first differenced. Data for all the variables in the regression is aggregated into time-series data frame and the time frequency is daily by matching 
to opening dates of the West Texas Intermediate futures market excluding weekends and national holidays of the United States.  
     
               Log Returns                    First-Differenced Log Returns 
WTI  # Sample Mean STD Median Mean STD Median  Source Frequency 
Dependent           
WTI  1508 -0.0005 0.0196 -0.0002 0.0000 0.0287 -0.0005  Energy Information Administration Daily 
VIX 1508 0.0000 0.0747 -0.0050 0.0001 0.1089 0.0043  Yahoo Finance Daily 
OVX 1508 0.0002 0.0483 -0.0037 0.0000 0.0694 0.0005  Yahoo Finance Daily 
Independent           
Sentiment 1508 0.0024 0.6175 0.0000 0.0008 1.0415 0.0559  Marketwatch Daily 
Control Variables           
Calendar 1508 -0.0055 0.4172 0.0000 -0.0223 0.5876 0.0000  Energy Information Administration Daily 
Crack 1508 0.0001 0.0888 0.0011 0.0000 0.1297 -0.0007  Energy Information Administration Daily 
Interest 1508 -0.0002 0.3659 0.0000 0.0007 0.5594 0.0000  US Treasury Daily 
Dollar 1508 0.0002 0.0043 0.0002 0.0000 0.0062 0.0001  Federal Reserve Economic Daily 
S&P500  1508 0.0004 0.0100 0.0006 0.0000 0.0145 -0.0006  Yahoo Finance Daily 
EuroStoxx50 1508 0.0001 0.0140 0.0000 0.0000 0.0198 -0.0004  Yahoo Finance Daily 
Nikkei225 1508 0.0004 0.0136 0.0000 0.0000 0.0197 -0.0002  Yahoo Finance Daily 
Gasoline  1508 -0.0004 0.0213 -0.0003 0.0000 0.0311 0.0003  Energy Information Administration Daily 





Sentiment and WTI Returns 
The dependent variable is West Texas Intermediate futures prices from January 2010 through December 2015. The independent variable is the sentiment ratio of Marketwatch news 
using a ‘crude oil’ keyword, and the ratio is calculated as adding up total sentiment (number of positive words – number of negative words) divided by total word frequencies. Dollar 
is the dollar index retrieved from Federal Reserve Economics Database. A dummy variable, NegSent, is included in regression, and defined as the sentiment that is smaller than the 
mean value of the total sentiment. All the variables are daily observations and measured in two different ways;  1) all the variables are log returns (columns denoted as WTI Return)  
2) all the variables are log returns and first differenced (columns denoted as ∆WTI Return). *, ** and *** indicate significance at the 10%, 5% and 1% levels and p-values are in 
parentheses below each coefficient. 
 
     (1)    (2)    (3)    (4)    (5)    (6)    (7)    (8) 
Dependent Variable: WTI Return ∆WTI Return WTI Return ∆WTI Return WTI Return ∆WTI Return WTI Return ∆WTI Return 
         
Sentiment 0.0026*** 0.0028*** 0.0023*** 0.0020*** 0.0014 0.0009 0.0024** 0.0016** 
 (0.0006) (0.0000) (0.0020) (0.0008) (0.1457) (0.2300) (0.0220) (0.0384) 
Calendar  -0.0008 -0.0001 -0.0005 -0.0001 -0.0005 -0.0002 0.0000 0.0002 
 (0.4602) (0.3980) (0.6250) (0.9011) (0.6569) (0.8685) (0.9735) (0.8831) 
Crack       -0.0331*** -0.0353*** -0.0357*** -0.0392*** -0.0360*** -0.0390*** -0.0327*** -0.0358*** 
 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
Interest 0.0010 0.0005 0.0009 0.0005 0.0010 0.0005 0.0013 0.0010 
 (0.4337) (0.6410)    (0.4425) (0.6416)    (0.4163) (0.6266) (0.3076) (0.3678) 
Dollar -1.0577*** -1.0730***     -1.0344*** -0.8694*** -1.0251*** -0.8625*** -1.4070*** -1.1421*** 
 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
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Table 2 – continued 
         
S&P500  0.6240*** 0.5915*** 0.6258*** 0.5077***     0.6136*** 0.5014***   
 (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)   
EuroStoxx50  0.0252 0.0177 0.0203 0.0243 0.0211 0.0271   
 (0.5244) (0.6430)    (0.6045) (0.4872)   (0.5914) (0.4382)   
Nikkei225  0.0400 0.0073 0.0556* 0.0503 0.0496 0.0500   
 (0.2299) (0.8260) (0.0972) (0.1019) (0.1409) (0.1042)   
Gasoline   0.0963*** -0.0065 0.0953*** -0.0074 0.0997*** -0.0147 
   (0.0001) (0.7735) (0.0002) (0.7423)   (0.0002) (0.5305) 
Heating Oil   -0.1488*** -0.4020***   -0.1536*** -0.4027*** -0.1465*** -0.4296*** 
   (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
NegSent     -0.0019* -0.0009 -0.0040*** -0.0015 
     (0.0631) (0.4916) (0.0002) (0.2494) 
NegSent * Sentiment     0.0006 0.0024** 0.0004 0.0029** 
     (0.7377) (0.0471) (0.8107) (0.0202) 
Constant -0.0006 0.0000 -0.0006 0.0000 0.0004 0.0007 0.0016** 0.0010 
 (0.2011) (0.9820)   (0.1641) (0.9724) (0.5963) (0.4216) (0.0205) (0.2369) 
# Observation 1508 1508 1508 1508 1508 1508 1508 1508 
R 0.245 0.226 0.256 0.344 0.257 0.345 0.163 0.286 




Sentiment and Oil Return Implied Volatility  
         
VIX = α + βSentiment + Controls + ε 
OVX = α + βSentiment + Controls + ε 
                         
The dependent variable the volatility is the implied volatility of returns on West Texas Intermediate futures from 
January 2010 through December 2015. VIX (Volatility Index) and OVX (Oil-Based Volatility Index) are proxies 
for the implied volatilities of oil returns. The independent variable is the sentiment ratio of Marketwatch news 
using a ‘crude oil’ keyword, and the ratio is calculated as adding up total sentiment (number of positive words – 
number of negative words) divided by total word frequencies. Dollar is the dollar index retrieved from Federal 
Reserve Economics Database. All the variables are daily observations and measured in two different ways;  1) 
all the variables are log returns (columns denoted as VIX or OVX)  2) all the variables are log returns and first 
differenced (columns denoted as ∆VIX or ∆OVX). *, ** and *** indicate significance at the 10%, 5% and 1% 
levels and p-values are in parentheses below each coefficient. 
 
        (1)     (2)    (3)    (4)    (5)    (6) 
 Dependent Variable:   VIX    VIX   ∆VIX   OVX   OVX  	 ∆OVX 
       
Sentiment -0.0023 -0.0181*** -0.0137*** -0.0016 -0.0075*** -0.0058*** 
 
(0.2086) (0.0000) (0.0000) (0.3754) (0.0002) (0.0006) 
Calendar 0.0046* -0.0003 -0.0015 0.0003 -0.0014 0.0042 
 
(0.0762) (0.9471) (0.7418) (0.9161) (0.6368) (0.1541) 
Crack -0.0042 -0.0403* -0.0463** -0.0092 -0.0227 -0.0248* 
 
(0.7345) (0.0643) (0.0295) (0.4591) (0.1053) (0.0658) 
Interest  -0.0006 -0.0027 -0.0089* -0.0009 -0.0018 -0.0039 
 
(0.8406) (0.6019) (0.0701) (0.7605) (0.6019) (0.2047) 
Dollar -1.0804*** 2.6061*** 2.1537*** 1.0646*** 2.4361*** 2.0658*** 
 
(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) 
S&P500  -6.3881***   -2.2718***   
 
(0.0000)   (0.0000)   
EuroStoxx50 0.1883*   0.0085   
 
(0.0513)   (0.9295)   
Nikkei225  0.0142   -0.2016**   
 (0.8631)   (0.0136)   
Gasoline  -0.1091* -0.1504 -0.0535 -0.1043* -0.1230* 0.0309 
 (0.0797) (0.1672) (0.6033) (0.0909) (0.0786) (0.6358) 
Heating Oil  0.0544 -0.0207 0.4130*** 0.1200 0.0685 0.2413*** 
 (0.4785) (0.8762) (0.0015) (0.1145) (0.4232) (0.0033) 
Constant 0.0026** -0.0003 0.0001 0.0010 -0.0001 0.0001 
 (0.0184) (0.8827) (0.9848) (0.3612) (0.9109) (0.9501) 









Lagged Sentiment and WTI Returns  
 
WTI = α + βSentiment + Controls + ε, where i is between 0 and 4 
 
Panel A of the table reports OLS regression to describe the beta (β) coefficient of sentiment from T to T-4, 
based on the working day of the crude futures market. The dependent variable WTI is West Texas Intermediate 
futures prices from January 2010 through December 2015. The independent variable is the sentiment ratio of 
Marketwatch news using a ‘crude oil’ keyword, and the ratio is calculated as adding up total sentiment (number 
of positive words – number of negative words) divided by total word frequencies. Dollar is the dollar index 
retrieved from Federal Reserve Economics Database. All the variables are daily observations and measured in two 
different ways;  1) all the variables are log returns (columns denoted as VIX or OVX)  2) all the variables are 
log returns and first differenced (columns denoted as ∆VIX or ∆OVX). Column (1) and Column (2) correspond 
to the regression model without gasoline and heating oil. Column (3) and Column (4) correspond to the regression 
model after including these two controls. *, ** and *** indicate significance at the 10%, 5% and 1% levels and 
p-values are in parentheses below each coefficient. Panel B of the table describes the correlation between lagged 
sentiment and WTI returns when the variables are log returns. Panel C of the table describes the correlation 
between lagged sentiment and WTI returns when the variables are first-differenced log returns. 
 
Panel A: OLS Regression 
 (1) (2) (3) (4) 
Dependent Variable: WTI Return ∆WTI Return WTI Return ∆WTI Return 
     
Sent 0.0026*** 0.0028*** 0.0023*** 0.0020***  
(0.0006) (0.0000) (0.0020) (0.0008) 
Sent -0.0012* -0.0020*** -0.0010 -0.0006  
(0.0892) (0.0017) (0.1597) (0.3044) 
Sent 0.0007 0.0010 0.0007 0.0001 
 (0.3410) (0.1260) (0.3266) (0.8427) 
Sent -0.0002 -0.0006 -0.0002 -0.0001 
 (0.7620) (0.3450) (0.8413) (0.8592) 
Sent 0.0008 0.0007 0.0007 0.0001 
 (0.2770) (0.3020) (0.3167) (0.8080) 
 
 
Panel B: Correlation between Lagged Sentiment and WTI (Log Transformation) 
 
Dependent Variable:      Sent Sent Sent Sent Sent 
WTI Return 0.157     -0.042     0.041     -0.019 0.041 
 
 
Panel C: Correlation between Lagged Sentiment and WTI (Log Transformation and First Differenced) 
Dependent Variable:   Sent Sent Sent Sent Sent 






Lagged Negative Sentiment and WTI Returns 
 
WTI = α + βSentiment + βNegSent + βNegSent ∗ Sentiment + Controls + ε 
, where i is between 0 and 4 
 
Panel A of the table reports OLS regression to describe the beta (β) coefficient of interaction terms (NegSent ∗
Sentiment) from T to T-4, based on the working day of the crude futures market. The independent variable is 
the sentiment ratio of Marketwatch news using a ‘crude oil’ keyword, and the ratio is calculated as adding up 
total sentiment (number of positive words – number of negative words) divided by total word frequencies. All 
the variables are daily observations and measured in two different ways;  1) all the variables are log returns 
(columns denoted as WTI Return)  2) all the variables are log returns and first differenced (columns denoted as 
∆WTI Return). Column (1) and Column (2) correspond to the regression model excluding gasoline and heating 
oil. Column (3) and Column (4) correspond to the regression model including gasoline and heating oil. Column 
(5) and Column (6) correspond to the regression model including gasoline and heating but excluding S&P500, 
EuroStoxx50 and Nikkei225. *, ** and *** indicate significance at the 10%, 5% and 1% levels and p-values are 
in parentheses below each coefficient.  
 














       
NegSent ∗ 	 Sent   0.0007 0.0026** 0.0006 0.0024** 0.0004 0.0029**  
(0.6740) (0.0487) (0.7377) (0.0471) (0.8108) (0.0202) 
NegSent ∗ 	 Sent   -0.0027* -0.0022* -0.0025* -0.0019* -0.0030* -0.0024**  
(0.0584) (0.0794) (0.0869) (0.0971) (0.0522) (0.0497) 
NegSent ∗ 	 Sent   0.0015 -0.0004 0.0014 -0.0002 0.0020 0.0001 
 (0.3070) (0.6760) (0.3369) (0.8560) (0.1946) (0.9374) 
NegSent ∗ 	 Sent   0.0010 0.0026** 0.0009 0.0019 0.0009 0.0018 
 (0.5228) (0.0417) (0.5461) (0.1070) (0.5710) (0.1347) 
NegSent ∗ 	 Sent   -0.0020 -0.0027** -0.0018 -0.0017 -0.0017 -0.0017 
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